Reducing uncertainty of hydrological modeling and forecasting has both theoretical and practical importance in hydrological sciences and water resources management. This study focuses on reducing parameter uncertainty by multi-sites validating for the conceptual Xinanjiang model. The generalized likelihood uncertainty estimation (GLUE) method was used to conduct the uncertainty analysis with Shuffled Complex Evolution Metropolis (SCEM-UA) sampling. The discharge criterion of interior gauge station was added to select the behavioral parameters, and then two comparable schemes were established to illustrate how well the uncertainty can be reduced by considering the observations of the interior sites' flow information. The Dongwan watershed, a sub-basin of the Yellow River basin in China, was selected as the case study. The results showed that the number and standard deviation of behavioral parameter sets decreased, and the simulated runoff series by the Xinanjiang model with the behavioral parameter sets can fit better with the observed runoff series when setting the threshold value at the interior sites. In addition, considering the interior sites' flow information allows one to derive more reasonable prediction bounds and reduce the uncertainty in hydrological modeling and forecasting to some degree.
measures to reduce the uncertainty in hydrological modeling and forecasting, so as to increase the accuracy and reliability of hydrological forecasting.
One of the efficient ways of reducing uncertainty is to use new and all available information (Beven & Binley ) . For example, Goodman () pointed out that the statistical methods that lend themselves to correct quantification of the uncertainty were also effective for combining different sources of information, and concluded that one way to reduce uncertainty was to use all the available data. Freer et al.'s () research showed that further constraining of the model responses using the fuzzy water table elevations at both locations considerably reduced the number of behavioral parameter sets. Uhlenbrook & Sieber () also pointed out that the potential restriction of the uncertainty clearly depended on the goodness of the simulation of the additional data set. Gallart et al. () used conditioning on water table records and the distri- In fact, interior hydrological information has been used to improve the performance of hydrological models in many literatures. The study by Gupta et al. () proposed the use of the multiple and non-commensurable measures of information to improve calibration of hydrologic models.
Thereafter, many studies have proved that it is helpful to use interior hydrological information to improve the hydrological modeling to some degree for both conceptual model 
).
There could be more uncertainty if only the error at the outlet is considered, and this uncertainty can be considerably reduced by using more available information, such as the interior sites' flow information. Therefore, based on the idea of inputting more available useful information for evaluation to gain less uncertainty, the objective of this study is to reduce parameter uncertainty by using multi-site evaluation in the performance of the Xinanjiang model, based on the generalized likelihood uncertainty estimation (GLUE) method with the Shuffled Complex Evolution Metropolis (SCEM-UA) sampling algorithm. Undoubtedly, utilization of the multi-site evaluation may be of theoretical and practical merit in obtaining some insight into the causes behind the hydrological modeling uncertainty, one of the crucial but tough problems in the hydrological modeling practices. The rest of this paper is organized as follows: the section below briefly describes the uncertainty estimation schemes and the Xinanjiang model; then, in the next section, we introduce the study area and associated hydrological data; results are discussed and analyzed in the section after that; finally, the last section contains the major conclusions.
METHODOLOGY Uncertainty estimation technique
The GLUE method proposed by Beven & Binley () to estimate parameter uncertainty has been widely used in many complex and nonlinear models. The GLUE method is devoted to the investigation of hydrological modeling uncertainty by producing the prediction limits for the modeled streamflow series and a set of behavioral parameters Therefore, the GLUE method with SCEM algorithm was adopted for uncertainty analysis in our study. In this study, two schemes were established by using the GLUE method with the SCEM-UA sampling algorithm, to study how well parameter uncertainty can be reduced by considering the observations of the interior sites' flow information in an alternative strategy. It is notable that the proposed idea of the utility of the interior sites' information is not limited to the GLUE or MCMC methods. The flowcharts of these two schemes are shown in Figure 1 . Scheme I sets the threshold of likelihood measure only at the outlet, and scheme II sets the threshold of likelihood measure at both the outlet and interior sites. First, in this study, the Nash-Sutcliffe efficiency index (NE) (Nash & Sutcliffe ) is selected as the likelihood measure, which is defined as:
where Q obs i ð Þ, Q sim i ð Þ, and Q obs denote the observed runoff, simulated runoff and the mean value of the observed runoff series, respectively, n is the length of the observed data series.
Second, instead of the Monte Carlo method, the SCEM-UA algorithm was used to generate a sample of parameter sets. In this study, the SCEM-UA algorithm produces NE-dependent samples before setting a threshold, so the simulation associated with each of the parameter sets has equal weight. After that, a threshold value of likelihood measure is decided and the behavioral parameter sets whose likelihood values are greater than the thresholds are chosen. Then the discharge predictions from the behavioral parameter sets were ranked in order of magnitude and, using the likelihood weights associated with each behavioral parameter set, which is defined as:
where W(i) and L(θ i ) are likelihood weight and likelihood measure value associated with behavioral parameter set θ i , respectively, n is the number of behavioral parameter sets.
Finally, a cumulative probability distribution for the ranked discharge predictions is obtained by Equation (3):
where Q represents discharge, and Q i is the ranked discharge prediction which is ranked at the ith place, n has the same meaning as Equation (2).
According to the cumulative probability distribution, an uncertainty bound can be obtained for a given certainty level.
In this study, three indices were adopted to evaluate the uncertainty interval. One is the containing ratio (CR), which is defined as the ratio of the number of the observations fall- 
where,
The confidence interval of discharge at each time step is the major result by the GLUE method in terms of evaluations of hydrological modeling uncertainty. Interval width (IW) is usually adopted as one of the major indices to evaluate the uncertainty interval, but it depends on the magnitudes of discharge which makes it impossible to compare across basins. In this study, a relative interval width (RIW) is used, which is defined by the following equation:
where Q low (i) and Q up (i) denote the lower and the upper uncertainty bounds at time i, respectively, the meaning of Q obs is the same as in Equation (1) Table 1 .
STUDY REGIONS AND DATA

River basins
The Dongwan watershed was selected as the case study, and is a sub-watershed of the Yellow River basin and located in is taken as 0.01 because the study area is a natural basin.
The parameters of the Muskingum method XE and K are estimated by the trial and error method using the observed discharge, which are equal to 0.45 and 5 h respectively.
Thus, 14 parameters were selected for the uncertainty analysis.
RESULTS
Comparison of the behavioral parameter sets
To assess the impact of using the interior sites' flow information on the uncertainty of hydrological modeling, this study accepted 12 scenarios (as shown in Table 2 ) by taking the threshold values of the Nash-Sutcliffe efficiency index (NE-outlet) at the outlet (Dongwan station) as 50, Tantou. Figure 4 shows the scatter map between the Nash efficiency indices at the outlet and interior sites under the threshold of the Nash efficiency index at the outlet as 50%. From Figure 4 , although it does not show direct relationship, it can be seen that the Nash efficiency index at the outlet is sensitive with that at the interior sites, and with the greater value of the Nash-Sutcliffe efficiency index at the interior sites, it is easier to get the greater value of that at the outlet.
For further analysis of the difference in behavioral parameter sets among different threshold values at the interior sites, two schemes were selected from the above 12 scenarios. Scheme I sets the threshold of likelihood measure only at the outlet as 70% (NE ¼ 70%), and Table 3 , the parameter sets based only on the runoff at the outlet do not always produce high likelihood measure values at the interior sites. Typically, some values were even smaller than 50% (the shaded numbers in Table 3 ).
That is, many unreasonable behavioral parameter sets were obtained by using scheme I. It is indicated that some unreasonable parameter sets can be removed by setting the threshold of the likelihood measure at the interior sites.
The mean and standard deviation of behavioral parameter sets and efficiency coefficients of scheme I and scheme II were gained and are shown in Figure 5 . Referring to Figure 5 , it can be seen that the standard deviation of most behavioral parameter sets decreased greatly when setting the threshold value at the interior sites, and the same with the Nash-Sutcliffe efficiency indices at the outlet and interior sites.
All of the above results and analysis indicated that taking the interior sites' information into consideration can reduce parameter uncertainty to some degree. obtained by scheme II showed more peak than those obtained by scheme I. This finding implied that the posterior distributions obtained by scheme II can evolve into the HPD region of the parameter space with higher frequency, so as to obtain more reasonable posterior distributions of the hydrological parameters, since scheme II further filters the alternative simulation results using the interior flow information.
Comparison of parameters' posterior distributions
Comparison of uncertainty intervals
To investigate how the interior sites' information affects the efficiency of uncertainty interval in the Xinanjiang modeling, three indices including the CR, RIW, and the Nash-Sutcliffe efficiency index of the median MQ 0.5 presented above, were selected to evaluate the efficiency of uncertainty. The uncertainty intervals for a given confidence level of 90% are obtained by using the GLUE method with setting a given threshold value of NE as 70%. Table 4 represents the Nash-Sutcliffe efficiency index of the median MQ 0.5 produced from the uncertainty analysis by fitting the observed runoff series. and 8 that the Nash-Sutcliffe efficiency index of the median MQ 0.5 , NE (MQ 0.5 ) increased with setting the thresholds at the interior sites, which indicated that, when considering the interior sites' flow information, the simulated runoff series by the Xinanjiang model with the behavioral parameter sets will fit better with the observed runoff series. Referring to Table 4 , the results also showed that the total coverage ratios in both calibration and validation are not very high. It was found that the coverage ratios are high at the high flow, but they are low at the low flow, and the period of low flow is longer than that of high flow. As we know, there can be uncertainty due to many reasons, e.g., input uncertainty, model structure uncertainty, parameter uncertainty; however, in this case, the reason for this result is that the model used in this study cannot perform very well at the low flow in the study area. As pointed out by Beven et al.
(), we should not expect such periods to be well predicted by the set of behavioral models identified in calibration. We should also not expect that such periods would be covered by any statistical representation of the calibration errors, since the epistemic uncertainties of inconsistent periods in prediction might be quite different to those in calibration. The only response to this would appear to be to moderate our expectations of what a model, or set of models, can do in prediction. Other relative issues need to be carried out in the future.
CONCLUSION
The aim in researching uncertainty is to find the ways and measures to reduce parameter uncertainty in hydrological modeling and forecasting, so as to increase the accuracy and reliability of hydrological forecasting. Using all the available and new data for multi-site evaluation is one of the valid ways to reduce parameter uncertainty in hydrological modeling and forecasting. Based on the GLUE method with the SCEM-UA sampling algorithm, this study focuses on reducing hydrological 
